In this research, we modeled fault identification performance in a dynamic process control task using a multivariate Lens Model. This research demonstrates how multivariate Lens Model can be applied to capture dynamic aspects and policies of individuals when they are making judgments over multiple criteria -in this case, multiple categories of faults. Results and modeling analysis to date indicate that such a model may be applicable to such decisions, and sensitive to differences in performance under certain conditions.
INTRODUCTION
Dynamic Decision Making (DDM) refers to a particular class of decision-making in which a decision maker must make decisions in an uncertain, changing and timepressured environment. In contrast to normative, economic models of human decision making which focus on the evaluation and comparison of multiple options, research in the field of DDM has concluded that decisions are better modeled as a cyclic, iterative process in which recognition or judgments of the state of the environment are a critical component (Brehmer and Allard, 1991; Connolly, 1988) . For instance, Klein and Calderwood (1991) suggested that a DDM task is essentially a recognition process: decision makers make decision based on their previous experiences.
Bisantz , Kirlik, Gay, Phipps, Walker and Fisk (2000) investigated decision-making in dynamic, uncertain environment (military command and control) using a Lens Model approach to model judgments of environmental state (e.g., identity of an aircraft). The Lens Model (Brunswik, 1955; Cooksey, 1996) , shown in Figure 1 , provides dual, symmetric models of both the human judge and the environment. The judgments and the environmental criterion to be judged are described as linear combinations of environmental cues, or available information in the environment. In this way, both the judgment policy and the environmental structure in terms of cue-criterion relationships, are captured. Because the models are based on the same environmental information (the cues), the fit between the model of the human judge and the environmental structure can be formally measured. For instance, the Lens Model assesses the degree to which people make internally consistent judgments, and judgments which are consistent with the true relationships between available cues and the environmental criterion (i.e., the environmental structure). More specifically, the Lens Model provides parameters which measure the degree to which the environment is predictable using a linear model of the cues (R E ); the degree to which people make judgments that can be modeled linearly (e.g., which remain consistent with a linear model; R S ); the degree of matching between the environmental and human judge model, indicating the degree to which the judgment policy of the human reflects the linear structure of the environment (G); and the degree of similarity between non-linear components of the environmental and judgment models (C). These parameters are related to a measure of performance (r a ) via the Lens Model Equation:
The above equation depicts that the achievement consist of two components: the term R e * R s * G is called the linear component and describe achievement due to linear cue relationships in both the environment and the participants judgments. The second component, C[(1-R e 2 )(1 -R s 2 )] 1/2 is termed as the non linear or configural component and represent the achievement due to nonlinear cue relationship.
Among other things, Bisantz et al. (2000) concluded that the Lens Model is applicable and generalizable to describe decision making in dynamic environments. However, the Bisantz et al. (2000) study used a single criterion judgment (in that case, whether an aircraft was hostile or friendly). As Castellan (1972) has noted, often in real life judgments are based on more than one criterion. Building on Castellans work, Cooksey and Freebody (1985) Cooksey, 1996) such as medical decision making and social policy judgments, the multivariate Lens Model has few demonstrated applications, and none known for a dynamic situation such as fault diagnosis in process control. Therefore, the motivation of the present study is to investigate the effectiveness and applicability of a multivariate Lens Model to human judgment in a complex, dynamic task: fault diagnosis in process control. We also investigated sensitivity of this modeling technique to capture variations in the participant's performance. Results of such modeling could be used to evaluate the effectiveness of displays, and through an assessment of operator performance, provide information regarding training needs.
FAULT DIAGNOSIS ENVIRONMENT Process Control Simulation
We used DURESS (Dual Reservoir System Simulator)-II (Vicente, 1999) , a real time interactive simulator of thermo-hydraulic process control. We used this simulator because it provides a dynamic task environment that is representative of complex work domain.
The purpose of this work domain is two fold: to meet the mass output demands and to keep the temperature of outgoing water at the prescribed level. The system has the following components: pumps, valves, heaters, reservoirs, and thermometer and feed water streams (FWS). To mimic a real process, the system is governed by lag dynamics. Two interfaces have been developed for the simulator: a Physical (P) and a Physical and Functional (P+F) interface. The P interface is a typical industrial display and P+F is an enhanced graphical display that provides higher-level functional information based on an analysis of system goals and operating constraints. For a detailed discussion refer to Vicente (1999) .
Fault Generation
To conduct the experiment, twenty-four different faults were created. There were two characteristics of each fault: which component was faulty (e.g., a pump, valve, reservoir, or heater) and the direction of the fault in terms of a negative or positive offset from steady state. Out of 24 faults, 16 were mass faults and remaining 8 were energy related. A fault was categorized as a mass fault if the failed component affected the mass balance of the system (e.g. a valve or pump failures) while energy faults affected water temperature (e.g. a heater failure). There were mass faults in three component types: pumps, valves, and reservoirs. There were three types of energy faults: failure of heater to supply adequate amount of heat to the reservoir, an extra, hidden source of heat and a change in the inlet water temperature. All of the 24 faults were simulated at 2 levels of extent for each of two participant groups. The extent of fault was defined by the percentage of failure of the component from its steady state value. In low extent faults, the percentage of failure was 15 & 20 percent and in high extent fault faults the percentage of failure was 25 & 30 percent. Thus, in each of the high and low fault extent conditions, the twenty four faults were presented twice, once at each percentage, for a total of forty-eight trials per condition.
SENSITIVITY ANALYSIS
For the purpose of a preliminary sensitivity analysis we created a hypothetical set of performance data for the P+F interface. Three data sets were coded, in which the diagnosis were incorrect 25, 50 and 75 percent of the time. Judgments as well as the true faults were coded as one of the 9 fault categories corresponding to the following faults: pump, primary valve, secondary valve, leak in reservoir, extra source in reservoir, rise in inlet water temperature, hidden heat source and heater malfunction. Twenty environmental cues were used in the analysis, corresponding to the states of the pumps, valves, heaters, reservoirs, and their respective indicators visible on the screen Multivariate Lens Model parameters were calculated (refer Table 1 ) for each of these data sets. As reflected by the multivariate estimate of Ecological predictability (Re), the ecology system was not perfectly predictable from the cue set indicating that the task was uncertain -that is, faults could not be diagnosed perfectly based on available environmental cues. Although the environment was the same for all the cases it should be noted that the differences in Re are due to the nature of the canonical correlation procedures used in the computation of the multivariate Lens Model parameters. . F l o w m e t e r f v b 1 W a t e r l e v e l M a s s l e a v i n g r e s e r v o i r H e a t e r s e t t i n g H e a t e r e n e r g y e n t e r i n g r e s e r v o i r H i d d e n h e a t T o t a l e n e r g y e n t e r i n g r e s e r v o i r T o t a l e n e r g y i n r e s e r v o i r E n e r g y l e a v i n g r e s e r v o i r T e m p r a t u r e o f w a t e r i n r e s e r v o i r M a s s a n g l e l i n e E n e r g y a n g l e l i n e The data in the Table 1 shows the sensitivity of the multivariate Lens Model in capturing the differences in judgment performance. The values of achievement clearly reflect the performance in each of the condition. Poor performance in the condition where 75% of the judgments were coded incorrectly is clearly indicated by the low achievement of 0.691 as compared to 0.944 in the condition where 25% of the judgments were incorrect. Taking a closer look at the Lens Model parameter for 75% condition will reveal an Rs value of 0.731, indicating that poor performance is in part due to a failure to make judgment consistently. The lower value for G reflects lesser policy matching between the model linking judgments to available cues and the model linking true fault categories to those same cues. Figure 2 depicts the relative difference between the cue weights predicted from the environment model and the cue weights derived from the models of the three simulated judgment performance conditions. The graph indicates that for the 25% condition the cue weights show little deviation from the predicted model. This indicates that judgment model closely matches the environmental model. However by the 75% condition, it can be seen that there are considerable deviations from the cue weights of environmental model indicating, as expected, that the judgments were not being made using a policy which mimics the structure of the environment
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EXPERIMENTAL METHOD
Subsequent to the sensitivity analysis with simulated data, an experiment was run to collect diagnosis data. The task was a fault diagnosis task, in which participants pinpointed which component had failed. The multiple potential faults comprised the levels of the categorical judgment variable.
Experimental Design
Two independent variables were used to determine the adequacy of the modeling technique across different environmental conditions: type of interface and extent of the faults. Participants were randomly assigned to one of four groups: P+F interface with low extent of fault, P+F interface with high extent of fault, P interface with high extent of fault and P interface with low extent of fault.
Study Procedure
Sixteen male participants with a background of mechanical or chemical engineering participated in the study. The 48 trials (one for each fault) were assigned to four blocks, each containing 12 trials (each with eight mass and four energy faults selected at random). Each participant performed one block of sessions a day for four days. In each session participants were presented with a dynamic process control scenario which included a component failure. Failures occurred at random between 36 sec and 4 minute 30 seconds after the start of the scenario. The variable states were recorded in a text file at the time the participant made the fault diagnosis decision. The nature of the diagnosis decision was manually recorded by the experimenter.
RESULTS AND DISCUSSION
Results from the experiment (refer Table2) show that the Ecological predictability (R e ) varied as expected. A high value of R e was expected for the P+F interface as it has significantly greater number of cues to predict the ecology. The P+F interface provided 26 cues for the purpose of fault diagnosis and could be better represented with a linear model than the P interface, which provided only 4 cues for the purpose of diagnosis, and could not be adequately modeled with a linear model. A high value of Policy matching (G) for participants in the P+F condition can be seen in Table 2 reflecting the fact that participants well adapted to the environment. It should be noted that participant 3 in the P interface and low fault extent group depicted the worst performance in terms of diagnosis accuracy. His poor performance can be explained by the negative value of G obtained for this participant, indicating that he did not have sufficient knowledge about the environment. The decomposition of achievement into linear and residual component indicates that high achievement in case of P interface was essentially due to the residual component. This indicates that participants could well utilize the non-linear relationship of the environment at least for one of the fault type.
However, achievement (R a ) values were not reflective of variations in the participant's performance. Large individual differences in terms of diagnosis accuracy can be noted (in the Percent Correct column in Table 2 ), however, these differences were not reflected in similar changes in r a . The reason for this discrepancy may lie in the nature of the canonical correlation procedures used to compute the multivariate Lens Model. In the multivariate formulation, the r a values are calculated on the basis of maximum canonical correlation. Canonical correlation essentially measures the strength of relationship between subsets of two sets of variables which have linear relationship (in this case, subsets of possible faults and judgments made about these faults). The number of correlations obtained by this technique is equal to number of variables in the smaller set (in our case we had 8 canonical correlations). Each of these canonical correlations produces a matrix of canonical loadings that expresses the extent to which these variables are correlated. For example, if a participant consistently mis-judged a primary valve fault to be secondary valve or output valve, then the matrix of canonical loadings would show a high weight on the primary valve in the ecology side and a high loading on secondary and output valve on the judgment side, resulting in a high overall canonical correlation. Thus, high achievement values may reflect the fact that there was a strong relationship between the ecology and participants judgment for at least one subset of variables. In contrast, in the sensitivity analysis, errors in judgment were random, and the resultant maximum canonical correlations were reduced as errors increased. Investigations of the nature of the canonical loadings and their impact on r a are ongoing. Although multivariate achievement was not very reflective parameter to capture the variation in the overall performance, the Lens Model parameters discussed above do provide us with some insight about the ecology and participants behavior. The result obtained from our study and results of the sensitivity analysis suggest that we can capture any randomness depicted in participant's behavior while diagnosing the faults. Additionally, it should be noted that by inspecting the canonical correlations and canonical loading a strategy analysis could be done for the performance on each of the fault type. Additionally, it is possible for individual Lens Model parameters to compare performance on each type of fault can be obtained from the multivariate framework and analyzed to note the difference in the participants performance on each type of fault (Castellan, 1972) .
CONCLUSIONS
In conclusion, a study to demonstrate the implementation and applicability of a multivariate Lens Model to a dynamic decision-making task, fault diagnosis in a process control task, has been presented. The study is important because it demonstrates the how a model with few previous instantiations can be applied to diagnose characteristics of judgment behavior in a dynamic environment. Such information can be used to create more effective informational displays or identify training needs. Initial sensitivity analyses showed that multivariate Lens Model parameters varied as expected based on the level of judgment performance. Inspection of modeling results from the experiment showed that multivariate achievement was less reflective of overall performance. This initial study demonstrates the potential of the model to be used in a dynamic setting, and the potential sensitivity of the modeling technique to different levels of judgment performance.
